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Prognosis of breast cancer is primarily predicted by the histological grading of the tumor, where pathologists manually evaluate
microscopic characteristics of the tissue. This labor intensive process suﬀers from intra- and inter-observer variations; thus,
computer-aided systems that accomplish this assessment automatically are in high demand. We address this by developing an
image analysis framework for the automated grading of breast cancer in in vitro three-dimensional breast epithelial acini through
the characterization of acinar structure morphology. A set of statistically signiﬁcant features for the characterization of acini
morphology are exploited for the automated grading of six (MCF10 series) cell line cultures mimicking three grades of breast
cancer along the metastatic cascade. In addition to capturing both expected and visually diﬀerentiable changes, we quantify
subtle diﬀerences that pose a challenge to assess through microscopic inspection. Our method achieves 89.0% accuracy in grading
the acinar structures as nonmalignant, noninvasive carcinoma, and invasive carcinoma grades. We further demonstrate that the
proposed methodology can be successfully applied for the grading of in vivo tissue samples albeit with additional constraints.
These results indicate that the proposed features can be used to describe the relationship between the acini morphology and
cellular function along the metastatic cascade.
1.Introduction
Breast cancer is the second most common cancer in women
and is also the second leading cause of cancer-related death
in women [1]. In its most common form, the tumor arises
from the epithelial cells in the breast tissue. Histological
grading systems are commonly used to predict the prog-
nosis of tumors. The most frequently used tumor grading
system for breast cancer is the modiﬁed Scarrf-Bloom-Rich-
ardson method [2] where pathologists analyze the rate of
cell division, percentage of tumor forming ducts, and the
uniformity of cell nuclei to determine the cancer grade
in H&E stained biopsies. While precancerous (or lower-
grade) tumors tend to grow slowly and are less likely to
spread, invasive (or higher-grade) tumors typically gain the
ability to proliferate and spread rapidly. Subjectivity and
variability of the results aﬀect the accuracy of prognosis
and subsequent patient treatment. A recent study indicates
that the rate of misdiagnosis of breast cancer varies widely
between clinicians and is nearly 40% in some cases [3].
Thus, there is an unmet need for robust methods that
reducethevariabilityandsubjectivityinthegradingofbreast
tumors and lesions. Development of quantitative tools for
image analysis and classiﬁcation is rapidly expanding ﬁelds
that constitute a great potential for improving diagnostic
accuracy [4, 5].
In this paper, a method for automated grading of breast
cancer in three-dimensional (3D) epithelial cell cultures is
presented. In vitro epithelial breast cells cultured in laminin
rich extracellular matrix form acinar-like structures that2 Journal of Biomedicine and Biotechnology
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Figure 1: Three-dimensional view of a typical nonmalignant cell
line culture. Acinar structures are surrounded by the ECM proteins.
both morphologically and structurally resemble in vivo acini
of breast glands and lobules [6]. Therefore, these culture
systems constitute suitable and controllable environments
for breast cancer research [7–9].
Figure 1 shows a 3D view of a typical nonmalignant
breast culture that comprises several acini that are sur-
rounded by extracellular matrix (ECM) proteins. Figure 2
shows an enlarged view of a cross section from a typical
nonmalignant acinus. Acinar structures in healthy/non-
malignant cultures include polarized luminal epithelial cells.
(A polarized cell has specialized proteins localized to speciﬁc
cell membranes such as the basal, lateral, or apical side) and
a hollow lumen. The lateral membranes of neighboring cells
are in close proximity due to cellular junctions and adhesion
proteins. The basal side of cells contacts the surrounding
ECM proteins, while the apical sides of cells face the hollow
lumen. Malignant cancers result in loss of cell polarity that
induces changes in the morphology of acinar structures. In
this paper, we investigate morphological characteristics of
mammary acinar structures in nonmalignant, noninvasive
carcinoma, and invasive carcinoma cancer grades in six
MCF10 series of cell lines grown in 3D cultures. We propose
novel features to characterize these changes along the
metastatic cascade and exploit them in a supervised machine
learning setting for the automated grading of breast cancer.
Proposed features capture not only similar factors as the
Scarﬀ-Bloom-Richardson grading system but also additional
subvisual changes observed in breast cancer progression in a
quantitative manner to reduce variability. As shown by the
grading accuracies, the proposed features eﬃciently capture
the diﬀerences caused by the metastatic progression of the
cancer.
Previous work on this problem includes examining the
change in the morphological characteristics of nontumori-
genicMCF10Aepithelialaciniovertimeandexploitingthem
to model the growth of culture over time. Chang et al.
examined the elongation of the MCF10A acini at 6, 12,
and 96 hours after a particular treatment [10]. In a more
predictive setting, Rejniak et al. used the number of cells per
acini, proliferation, and apoptosis rates to computationally
model the MCF10A epithelial acini growth using ﬂuid-
dynamics-based elasticity models [11]. In addition to these
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Cell-to-cell
lateral membrane
Cell nuclei Basal cell membrane
Figure 2: Example of a typical nonmalignant acinar structure cross
section. The acinar structure includes polarized epithelial cells and
hollow lumen. Basal sides of the cells are surrounded by the ECM
proteins and apical sides face the hollow lumen.
features, Tang et al. utilized features like acinus volume,
density, sphericity, and epithelial thickness to investigate
the relationship between acinus morphology and apoptosis,
proliferation, and polarization [12]. Speciﬁcally, they built
a computational model that can predict the growth of
acini over a 12-day period. In addition, graph theoretical
tools [13–15] were exploited to highlight the structural
organization of the cells within the malignant tissues. Our
method is diﬀerent than these characterization eﬀorts in
that the grading of cancer is achieved over a richer and
more discriminative set of small-scale (local) morphological
features that are statistically signiﬁcant. In addition, the
features proposed here closely mimic the features that
current pathological grading systems utilize. The presented
work builds upon and extends our prior work in this area
that introduced the underlying framework [16]. In this
work, we provide extended details of our methodology and
also present analysis that tests the performance of diﬀerent
supervised machine learning methods and investigates the
discriminative inﬂuence of the proposed features. Further-
more, the overall grading accuracy is signiﬁcantly improved
by eliminating the acini that are in the preliminary stages
of their formations from our analysis. Finally, we perform
a preliminary study on the grading of in vivo tissue section
using our framework and demonstrate that the proposed
features can also be used on in vivo tissue slides albeit with
additionalconstraintsonthepreparationofthetissueforour
analysis.
2.MaterialsandMethods
2.1. Cell Culture. Cells were grown on tissue culture-treated
plastic T75 ﬂasks and incubated at 37◦C in a humidiﬁed
atmosphere containing 95% air and 5% carbon dioxide in
the manufacturer suggested media. Once 80% conﬂuent,
cells were split using 0.25% trypsin with 0.2g/L EDTA
and seeded into a new ﬂask or under experimental con-
ditions. Six MCF10 series cell lines that represent three
grades of breast cancer along the metastatic cascade were
grown. The cell lines used in this experimentation wereJournal of Biomedicine and Biotechnology 3
MCF10A (10A), MCF10AT1 (AT), MCF10AT1K.cl2 (KCL),
MCF10DCIS.com (DCIS), MCF10CA1h.cl2 (CA1H), and
MCF10CA1a.cl1 (CA1A). The DCIS, CA1H, and CA1A cell
lines were grown in DMEM/F12 with 5% horse serum and
1%fungizon/penicillin/streptomycin.10A,AT,andKCLcells
were grown in the same base media with additional factors
including 20ng/mL epidermal growth factor, 0.5mg/mL
hydrocortisone, 100ng/mL cholera toxin, and 10μg/mL of
insulin. The 10A cell line was obtained from the American
TypeCultureCollection(ATCC),AT,KCL,CA1A,andCA1H
cell lines were obtained from the Barbara Ann Karmanos
Cancer Institute at Wayne State University, and the DCIS cell
line was purchased from Asterand Inc.
The advantages of the MCF10 series of cell lines include
their derivation from a single biopsy and subsequent muta-
tions forming cell lines of ranging metastatic ability. These
cell lines were acquired from a tissue sample diagnosed as
noncancerous ﬁbrocystic disease [17, 18]. The biopsy cells,
MCF-10M, were cultured and spontaneously gave origin to
two immortal sublines. One of these cell lines was named
10A for its adherent ability. 10A cells were nontumorigenic
in mice xenografts; however, the ﬁrst derivative cell line
was transfected with oncogene T-24 H-Ras to promote
expression of a constitutively active form of Ras resulting in
precancerouslesionformations.Thesecellswerethenserially
passaged for six months and the derived cell line was named
MCF10AneoT [17]. AT cells were derived from a 100-day-
old MCF10AneoT lesion that formed a squamous carcinoma
but failed to produce carcinomas when injected back into
mice [19]. KCL cell line was obtained from a 367 day tumor
xenograft of the AT cell line. KCL cells were injected into a
mouse, where a tumor was formed and isolated after 292
days.Isolatedcellsderivedfromthistumorwereculturedand
yielded the DCIS cell line, which formed ductal carcinoma
in situ tumors when injected into mice [18]. Additional cells
from the tumors which were derived from the KCL cell line
were implanted within a mouse and yielded the MCF10CA
cell lines; two of these were included in this study: the CA1H
and CA1A [18]. CA1H cells were found to develop invasive
carcinoma in mice while the CA1A cells were of higher-
grade malignancy and able to metastasize to the lungs. After
evaluating the metastatic potentials of these six cell lines, we
considered the 10A and AT cell lines as nonmalignant, KCL
andDCIScelllinesasnoninvasivecarcinoma,andCA1Hand
CA1A cell lines as invasive carcinoma that constituted the
three grades of breast cancer we considered in this study.
2.1.1. 3D Culture System. Cells were suspended at a concen-
tration of one million cells per milliliter in Matrigel (laminin
rich extra cellular matrix) on ice [20]. The gel-cell solution
was seeded at 30uL per glass bottom 96 well for 14 days
in their respective media. The Matrigel-cell solution was
allowed to solidify for 30minutes at 37◦C before the media
was added and was changed every 2-3 days thereafter.
2.2. Immunocytochemistry Staining for Imaging. Following
14daysinculture,sampleswerewashedoncewithphosphate
buﬀer solution (PBS) and then ﬁxed with 3% paraformalde-
hyde at room temperature for 30 minutes. Next, samples
were rinsed with PBS and treated with cell blocking solution
(PBS with 1% bovine serum albumin (BSA) and 0.25%
Tween20) for one hour at 4◦C. Samples were then permeabi-
lized with 0.25% TritonX100-PBS solution for ten minutes.
After the permabilization, samples were washed with
PBS and then treated with the primary antibodies at their
determined working dilution in PBS at 4◦C overnight. Next,
thesampleswerewashedwithPBSthreetimesfor30minutes
at room temperature. The secondary antibodies were added
to the samples in PBS at 4◦C overnight. Finally, samples
were treated with DAPI for thirty minutes followed by three
30-minute PBS washes and stored at 4◦C in PBS prior to
imaging.
2.2.1. Antibodies and Dyes. Integrin α3 antibody (mouse
monoclonal) (Abcam: ab11767) was used at a dilution
of 1:40 for 3D confocal ﬂuorescent imaging. Secondary
antibody, Alexa Fluor 568 goat anti-mouse IgG highly cross
absorbed (Invitrogen A-11031) at a dilution of 1:200, was
used to visualize the localization of integrin α3. Integrin
α6 FITC-conjugated antibody (Rat monoclonal) (Abcam:
ab21259) was used at a dilution of 1:25 for 3D confocal
ﬂuorescent imaging during the secondary antibody step pre-
viously described. Nuclei were stained with 4 ,6-diamidino-
2-phenylindole (DAPI; Molecular Probes) for 30 minutes
at room temperature. 3D volumes were obtained using
a Zeiss LSM510 META confocal microscope with a 40x
water immersion objective as z-stacks. Proper color ﬁlters
were used to capture the red, green, and blue ﬂuorescent
signals. Images were captured using a multitrack setting
where ﬂuorescent channels were acquired sequentially to
avoidﬂuorescencecrosstalk.Thicknessofthez-stacksranged
from 10 to 40μm( 1 μm slices) with an initial depth of at
least 10μM. Slices had 512×512 pixels (320μm × 320μm)
cross-section area. In order to include larger volumes of
the cultures in our analysis, we captured four tiles (in
2 × 2 formation) with approximately 20% overlap and
stitched these tiles using the 3D image registration technique
proposed by Preibisch et al. [21] implemented in ImageJ
[22] .At o t a lo fﬁ v es t i t c h e di m a g e sw e r ec a p t u r e df o re a c h
of the six cell lines.
2.3. Segmentation of Acinar Structures. Segmentation of
the acinar structures was accomplished by the well-known
watershed segmentation [23]. Watershed segmentation
exploits the morphological characteristics of the regions of
interest and is particularly useful for the segmentation of
adjoined objects. The process starts with the identiﬁcation of
the acinar structures. In this study, cell nuclei were marked
with blue ﬂuorescent marker DAPI, cell-to-cell borders
were identiﬁed by the red ﬂuorescent marker that shows
the localization of integrin α3, and basal sides of the
cell membranes were identiﬁed by the green ﬂuorescent
marker that shows the localization of integrin α6. As these
components are observed in the individual color channels
of the captured images and, we used the combination of the
three color channels to identify the acinar structures.
First, the color channels of the image were individually
binarized. Image values were separated into foreground and4 Journal of Biomedicine and Biotechnology
background classes, where the foreground class represented
the stained components and the background class included
the combination of the gel medium and extracellular pro-
teins. We employed a local adaptation to Otsu’s well-known
global thresholding algorithm [24] to binarize the color
channels. In each slice along the depth direction, we divided
the image into rectangular blocks along the horizontal
and vertical directions and binarized them separately. This
approach handles the spatial variations in the foreground-
background contrast better than global thresholding. The
noise produced due to the binarization of local regions that
contain hardly any information was eliminated by using the
edge-based noise elimination that cleaned the regions that
did not contain any edge from the resulting binary image
[25]. Next, the resulting binary color channels were super-
posedtoobtainasinglemonochromebinaryimagebylogical
OR operation. Enclosing acinar structures were identiﬁed
by applying morphological close operation followed by a
morphological ﬁll-hole operation [26] to the resulting binary
image. Finally, 3D watershed segmentation was applied to
label the individual acinar structures. For this purpose, we
ﬁrst obtained a topographic interpretation of the resulting
binary image by taking its Euclidean distance transform
where the shortest distance to the nearest background pixel
for each pixel was measured [27]. The resulting transformed
image was then inverted, while forcing the values for the
background class pixels to −∞, to construct the catchment
basins and the watershed segmentation method was ﬁnally
applied to construct to watershed lines to divide these basins
and identify the unique acinar structures. Acinar structures
with less than four nuclei were considered to exhibit reduced
abilitytoformpolarizedacinarstructuresandexcludedfrom
our analysis. Note that this elimination was not carried out
in our preliminary work on this problem [16] that resulted
in a poorer overall grading accuracy (79.0%) than what we
achieve with the elimination (89.0%) as we will present in
Section 3. From the 30 images we analyzed, 99 10A, 49 10AT,
81 KCL, 80 DCIS, 29 CA1H, and 62 CA1A acinar structures
were identiﬁed using this segmentation method yielding a
total 400 acinar structures.
2.4. Characterization of Acinar Structure Morphology. Visual
investigation of the acinar structures shown in Figure 1
reveals diﬀerences in acini morphology and localization of
integrin subunits that are highlighted in Figure 2. Acinar
structures in nonmalignant cell lines are comprised of
polarized cells that are layered around the hollow lumen
that closely approximate the acini formations in mammary
glands and lobules. On the other hand, the acinar structures
in the tumorigenic cell lines consist of nonpolarized cells
that form clusters of cells rather than explicit acini. As
showninFigures3(a)and3(b),nontumorigeniccellline10A
and precancerous cell line AT, respectively, exhibit polarized
acinar structures that are characterized by the integrin α6
localization at the basal membrane of the cells, integrin α3
localization along the lateral cell membranes, and clear hol-
low lumen formations. Acinar structures in KCL and DCIS
cell lines shown in Figures 3(c) and 3(d), respectively, exhibit
signiﬁcant changes in the integrin subunit densities and
their colocalizations. While the basal and lateral membrane
protein densities decrease, relative colocalizations of these
proteins increase within the acinus. The acinar structures
from the noninvasive carcinoma cell lines and acinar-like
structures from the invasive carcinoma cell lines CA1H and
CA1A shown in Figures 3(e) and 3(f),r e s p e c t i v e l y ,a r em o r e
elongated and exhibit smaller hollow lumens than the acinar
structures from the nonmalignant cell lines.
The observed variations in the morphology of acinar
structures motivated the development of the features that
characterize the level of cell polarity within the acinar
structures. The features of interest primarily capture (i)
the morphology of the acinar structure and hollow lumen,
(ii) the basal, and (iii) the lateral protein densities within
the acinar structure. These features were computed in each
acinar structure for the slice that the acinar structure had the
largest cross-section area along the depth direction (z-stack).
2.4.1. Features Capturing the Morphology of Acinus and Hol-
low Lumen. The ﬁrst subset of features we propose captured
theshapeoftheacinarstructures,numberofnucleithatcon-
stitute the acinus, and the relative size of the hollow lumen.
The segmentation of the cell nuclei was also accomplished by
the watershed segmentation technique described previously
usingtheblue(nuclei)channelimageonly.Figure 4(a)shows
the number of nuclei per acinar structure across the six cell
lines. As expected the invasive carcinoma cell lines exhibit
the largest number of nuclei per cell cluster compared to the
other cell lines acini due to the unregulated division of cells.
Acinar structures in the nonmalignant grades of cancer
typically have symmetrical round shapes. Malignant cancer
grades result in deformations in the acinar structures that
cause the shapes to be more elongated. We measured the
roundness of the acinar structures by taking the ratio
between the minor and major axes of the ellipse ﬁtted as
illustratedinFigure 4(d).Thisﬁttingwasachievedbyﬁnding
the ellipse that has the same normalized second central
moments as the region. Roundness values close to 1 comes
from rounder/more symmetrical acinar structures whereas
values close to 0 indicate an elongated shape. As expected,
noninvasive and invasive cell lines exhibit statistically signiﬁ-
cant decrease in acinar structure roundness compared to the
nonmalignant cell lines as shown in Figure 4(b).
The ﬁnal feature in this subset captured the diﬀerences
in the relative size of hollow lumen by computing the ratio
between the areas of the hollow lumen and the acinar
structure. Values closer to 1 indicate larger hollow lumens,
and those to 0 indicate smaller hollow lumens. In order to
compute the hollow lumen area, we assumed that the hollow
lumen was circular and computed its radius as the Euclidean
distance between the centroid of the acinar structure and
the nearest nucleus to the centroid as illustrated in
Figure 4(e). The hollow lumen for the precancerous cell
line AT is the largest among the six cell lines. Noninvasive
and invasive cell line acinar structures exhibit statistically
signiﬁcant shrinkage in hollow lumen compared against
the nonmalignant cell line acinar structures as shown in
Figure 4(c).Journal of Biomedicine and Biotechnology 5
(a) (b) (c) (d)
(e) (f)
Figure 3: MCF10 series cell lines exhibit variation in acinar structure morphology along the metastatic cascade after 14 days in 3D laminin
rich environment culture systems. Cells were cultured in 3D Matrigel suspensions and stained with integrin α3 (red), integrin α6 (green),
and DAPI (blue). Example image slices from the six cell lines are typical of those captured during the course of the experiments and are
displayed from (a) to (f) as follows: 10A, AT, KCL, DCIS, CA1H, and CA1A.
2.4.2. Features Capturing the Basal Protein Integrin α6 Den-
sity. The next subset of features analyzed and quantiﬁed
the localization and structural relationships of the basal
membrane-localized protein integrin α6. The ﬁrst feature
measured the ratio of integrin α6 expression within the
acinar structure (excluding the expression along the basal
membrane) to the acinar structure area as illustrated in
Figure 5(e). As nonmalignant cancerous cells exhibit high
cellular polarity, integrin α6 is localized to the basal mem-
brane of these cells. Hence, a low density of integrin α6i s
expected within the acinar structure. Reduced cellular polar-
ity in the malignant grades of cancer enables greater internal
expressions of integrin α6 within the acinar structure. DCIS,
CA1H, and CA1A cell lines exhibited statistically signiﬁcant
increase in the internal expression of integrin α6c o m p a r e d
with the less malignant cell lines as shown in Figure 5(a).
The next feature characterized the spatial distribution
of integrin α6 within the acinar structure. It was computed
as the ratio between the amount of the green ﬂuorophores
located in concentric circles that were centered at the cen-
troid of the acinar structure and the total amount of green
ﬂuorophores in the acinar structure. The radii of the con-
centric circles were increased by one-tenth of the radius of
the circle that circumscribes the acinar structure at each step
as illustrated in Figure 5(g). Cell lines that have expressions
of integrin α6 near the centroid of the acinar structure
show relatively early rise in the cumulative densities than the
others. It is observed that integrin α6 is localized near the
basal membrane in the three lower-grade cell lines, and near
the centroids of the acini in the three advanced grade cell
lines as shown in Figure 5(b). Since the cumulative densities
neartheacinuscenterandthebasalmembranearesimilarfor
allthecelllines,wedecidetoincludethecumulativedensities
corresponding to 30 to 70% of the radius of the circle that
circumscribes the acinus in our analysis.
Another feature captured the amount of integrin α6
expressed along the basal cell membrane as illustrated in
Figure 5(f). First, we took the diﬀerence between the acinar
structure and its morphologically eroded version to obtain
a binary contour mask. This mask was then overlaid with
the corresponding slice of the binary green channel image to
obtain the integrin α6 localized along the basal membrane of
theacinarstructure.Next,wesuperposedtheresultingimage
with rays that initiate at the centroid of the acinus oriented
at angles that varied from 1◦ to 360◦ with 1◦ steps scanning
a complete circle. Finally, the total number of times that
these rays intersected with the green markers was counted
and normalized between 0 and 1 to obtain the continuity
of integrin α6 along the acinar basal side. Values close to
1 correspond to intact basal sides and, thus, indicate high
cellular polarity. As shown in Figure 5(c), 10A and AT cell
lines have the signiﬁcantly more continuous expression of
integrin α6 along the basal side of the cells than the four
malignant cell lines. We note that KCL cell line exhibits a
statistically signiﬁcant higher localization of integrin α6a t
the basal side than the three more tumorigenic cell lines.6 Journal of Biomedicine and Biotechnology
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Figure 4: Features quantifying acinus and hollow lumens morphology are statistically signiﬁcant between cell lines and states of health. (a)
shows the number of nuclei per acinar structure, (b) shows the acinar structure elongation (roundness) that is measured as illustrated in
(d) where the ratio between the minor and major axis of the ellipse ﬁtted to the acinar structure is taken, and (c) shows the ratio between
the hollow lumen and acinar structure areas that is computed as illustrated in (e). Error bars correspond to the standard error of the means.
Two-sided t-tests were performed and cell lines that exhibit statistically signiﬁcance (P<0.05) are marked with asterisks (∗).
The ﬁnal feature in this category measured the ratio of
the amount of integrin α6 colocalized with integrin α3 to the
totalexpressionofintegrinα6todeterminetheamountbasal
membrane protein overlapped with the lateral membrane
protein. This feature gets higher values when there is higher
internal expression of integrin α6 or higher basal membrane
localization of integrin α3. As plotted in Figure 5(d), 10A
and DCIS exhibit statistically signiﬁcant less colocalization
of integrin α6w i t hα3 than the other four cell lines.
2.4.3. Features Capturing the Lateral Protein Integrin α3D e n -
sity. The ﬁnal subset of features captured the density of
lateral membrane protein integrin α3 within the acinar
structure. The following features measured the expression
and localization of lateral membrane protein and adhesion
molecule integrin α3. The ﬁrst feature determined the
amount integrin α3 expressed along the basal cell membrane
using the same method described previously. We anticipate
observing less amount of integrin α3 expressed along the
basal cell membrane in the malignant grades of cancer than
the nonmalignant grade.
Next, we captured the overall expression of integrin α3
within the acinar structure as illustrated in Figure 6(e) where
the total amount of integrin α3 expressed in the acinar
structure was divided by the area of the acinar structure. It is
seen in Figure 6(b) that this feature monotonically decreases
from the nontumorigenic 10A to noninvasive DCIS acinar
structures. The invasive carcinomas CA1H and CA1A show
signiﬁcantly higher expressions compared to the DCIS cells.
We then measured the ratio between the amount of
integrin α3 colocalized with the integrin α6 and the total
amount of integrin α3 within the acinar structure. As
expected nonmalignant cell lines exhibit signiﬁcantly less
colocalization of integrin α3 with integrin α6 than the
malignant cell lines as shown in Figure 6(c).
Final feature in this subset measured the ratio between
the amount of integrin α3 localized between the hollow
center and basal membrane side of the acinar structure to
thetotalintegrinα3expression.Thisfeature,thus,quantiﬁed
the density of α3 integrin along the lateral membrane of the
cells. Since integrin α3 localization is not conﬁned to cell-to-
cell lateral membranes in malignant tumors, expressions of
this protein are expected within the hollow lumen as well as
the cell-to-extracellular matrix border.
2.5. Automated Grading of Cancer Using Supervised Machine
Learning. We used supervised machine learning [28]t o
grade the acinar structures into nonmalignant, noninvasive
carcinoma, and invasive carcinoma forms of breast cancer
using the features deﬁned previously. In supervised learning,
the data are ﬁrst divided into training and test sets. The
classiﬁer is trained with the labeled training data and
the classes of the test data are then predicted using the
resulting classiﬁer. We tested the grading performance of ﬁveJournal of Biomedicine and Biotechnology 7
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Figure 5:Featurescapturingthelevelofcellpolaritybasedonthebasalmembraneproteinintegrinα6density.(a)showstheinternalintegrin
α6 density that is computed as illustrated in (e) where the amount of integrin α6 localized inside the acini is divided to the total amount of
integrin α6, (b) shows the cumulative spatial distributions of integrin α6 that is computed as illustrated in (g) where the amount of integrin
α6 localized within the concentric circles are divided by the total amount of integrin α6 within the acini, (c) shows the continuity of the
integrin α6 along the basal membrane that is measured as illustrated in (f) where the number of times that rays initiate from the centroid
oriented at from 1 to 360 degrees intersected with the green ﬂuorophores along the basal membrane is counted and normalized between 0
and 1, and (d) shows the ratio between the amount of integrin α6 colocalized with integrin α3 and the total integrin α6 expression. Error
bars correspond to the standard error of the means. Two-sided t-tests were performed and cell lines that exhibit statistically signiﬁcance
(P<0.05) are marked with asterisks (∗).8 Journal of Biomedicine and Biotechnology
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Figure 6: Features capturing the level of cell polarity based on the lateral membrane protein integrin α3 density. (a) Shows the continuity of
theintegrinα6alongthebasalmembrane,(b)showsthetotalintegrinα3densitythatiscomputedasillustratedin(e)wherethetotalamount
of integrin α3 within the acinar structure is divided by area of the acinar structure, (c) shows the ratio between the amount of integrin α3
colocalized with integrin α6 and the total integrin α3 expression, and d shows the density of integrin α3 in the exterior of the hollow lumen.
Errorbarscorrespondtothestandarderrorofthemeans.Two-sidedt-testswereperformedandcelllinesthatexhibitstatisticallysigniﬁcance
(P<0.05) are marked with asterisks (∗).
supervised learning algorithms. Linear discriminant analysis
ﬁts a multivariate normal density to each of the training
class assuming equal covariance matrices for each class
[29]. It then separates the classes with a hyperplane that is
establishedbyseeking theprojectionthatmaximizesthesum
of intraclass distances and minimize the sum of interclass
distances. Quadratic discriminant analysis is similar to
the linear discriminant analysis with the distinction that
covariance matrix for each class is estimated separately
[29]. Na¨ ıve Bayes classiﬁer assumes that the classes are
arising from independent distributions; hence, a diagonal
covariance matrix is assumed. K-nearest neighbor classiﬁer
ﬁnds the K closest training data to the test data based
on the Euclidean distance and classiﬁes the sample usingJournal of Biomedicine and Biotechnology 9
the majority voting of the nearest points. Support vector
machines classiﬁer maps the training data into a higher
dimensional space with a kernel function where the data
become linearly separable [30]. A separating maximum-
margin hyperplane is established to separate the diﬀerent
class data with minimal misclassiﬁcation via quadratic
optimization [30]. The test data are classiﬁed by determining
the side of the hyperplane they lie on in the kernel-mapped
space. In order to extend SVM for three-class classiﬁcation,
we employed the one-against-one approach [31] where three
two-class SVM classiﬁers were established for each pair of
classes in the training data set. Each sample in the test data
was assigned to a class by these classiﬁers and the class with
the majority vote was chosen as the ﬁnal result. If there is
equal voting for the three classes, we chose the class that has
the largest margin from the separating hyperplane.
I no r d e rt oo b t a i nu n b i a s e dp e r f o r m a n c ee s t i m a t e s ,1 0 -
fold cross-validation was performed. The feature set was ﬁrst
randomlydividedinto10disjointpartitionsofequalsize.For
each partition, a classiﬁer was trained with the remaining
nine partitions and then tested on the retained partition.
The results for each partition were then combined to ﬁnd
the overall grading accuracy. In order to reduce the scale
diﬀerences within the features, the data were normalized
so that the features had zero mean and unit variance
across the samples. We performed a parametric search to
determine the number of neighbors in the nearest neighbor
identiﬁcation. We tested between 8 and 15 nearest neighbors
and determined that identifying 12 nearest neighbors to
a test point achieved the highest grading accuracy. For
the SVM classiﬁers, we used radial basis function, also
referred to as Gaussian kernel, in the form of K(xi,xj) =
exp(− xi −xj 
2/2σ2) that mapped the data into an inﬁnite
dimensional Hilbert space [30]. We performed a parameter
to search to identify σ that achieves the highest grading
accuracy. We sought σ in the set of candidate values that
varied from 1.0 to 2.5 with 0.1 steps and determined that
σ being equals to 2.0 achieved the best performance in
the grading of the acinar structures. Table 1 shows the
performance of the ﬁve supervised learning algorithms. It is
clear that SVM-based classiﬁer achieves the highest overall
accuracy in the grading of the acinar structures. This is
not unexpected as SVM classiﬁers are known to be highly
successful in biological applications [32].
2.5.1. Discriminative Inﬂuence of the Proposed Features.
After identifying SVM-based classiﬁer as the most accurate
grading method for our data set, we performed feature
selection to determine the discriminative capabilities of the
features to characterize the data. A good feature selection
algorithmidentiﬁesthefeaturesthatareconsistentwithinthe
class and exhibit diﬀerences between the classes. Fisher score
(F-score) is documented to be a powerful feature selection
tool [33]. For a dataset xi with two classes, denote the
instances in the ﬁrst class with x
(+)
i and instances in the other
classwithx
(−)
i .TheFisherscoreoftheithfeatureisthengiven
byF(i) = ((xι
(+) −xι)
2
+(xι
(−) −xι)
2
)/(σ2
x(+)+σ2
x(−)),wherexι is
themeanvalueoftheithfeatures,xι
(+) andxι
(−) arethemean
Table 1: Overall grading accuracies for the supervised machine
learning techniques used in our analysis. SVM classiﬁers clearly
achieve signiﬁcantly higher grading accuracy than the other meth-
ods. The data set includes 400 acinar structures.
Learning method Overall grading accuracy (%)
Linear discriminant analysis 80.75
Quadratic discriminant analysis 80.00
Na¨ ıve Bayes 69.75
K-nearest neighbors 79.50
Support vector machines 89.00
values over the positive and negative instances, respectively,
and σ2
x(+) and σ2
x(−) are the variances over the positive and
negative instances, respectively, for the ith feature. In order
to extend this method for a feature set with three classes, we
computed the F-score for each feature in each pair of classes
andthentooktheaverageofthethreepossiblecombinations.
Larger values of F-score indicate stronger discriminative
inﬂuence; therefore, after obtaining the F-scores for all the
features, we ranked them in descending order.
Table 2 shows the average F-scores of the features and
their corresponding discriminative rank. It is seen that con-
tinuity of integrin α6 along the basal membrane is the most
discriminative feature to describe the data. Discriminative
inﬂuence of the ratio between the hollow lumen and acinar
structure area is also high. These two features are important
astheyarestrongindicatorsofthelevelofcellpolaritywithin
the acinar structure and can be considered as measures of
duct forming tumors as used in the commonly used Scarﬀ-
Bloom-Richardson system. Some of the other most discrim-
inative features quantify the diﬀerences that are diﬃcult to
assess by visual inspection such as the colocalization between
the integrin α3 and integrin α3 and internal densities of the
integrin subunits. We note that these features constitute a
subset of the novel features introduced in this paper and,
therefore,thisanalysisparticularlyhighlights theimportance
of the proposed features and the methodology.
We performed cancer grading using subsets of the
resulting most discriminative features, where at each stage
we increased the number of most discriminative features in
the training feature set. Figure 7 shows the overall grading
accuracy with respect to the number of most discriminative
features selected in the grading. It is seen that the highest
grading accuracy 89.0% is achieved when all of the features
are used to train the classiﬁers. Considering that the most
grading systems are typically based on the assessment of a
limited number of features, we also investigate the grading
performance of our methodology in a similar setting. When
only the ﬁrst ﬁve most discriminative features are used
for grading, we achieve 82.0% overall grading accuracy.
Though relatively worse than the highest grading accuracy,
this constitutes a highly promising setting considering the
limited number of features.
2.6. Tissue Sections. Breast tissue from patients with invasive
carcinoma, ductal carcinoma in situ, and from healthy10 Journal of Biomedicine and Biotechnology
Table 2: Discriminative inﬂuence of the proposed features based on the F-score values.
Feature label F-Score Rank
Number of nuclei within the acinar structure 0.0547 14
Elongation of the acinar structure 0.1122 6
Ratio between the hollow lumen and acinar structure areas 0.1602 4
Internal integrin α6 Density 0.1205 5
Density of integrin α6 inside the 30% circle 0.0620 11
Density of integrin α6 inside the 40% circle 0.0611 12
Density of integrin α6 inside the 50% circle 0.0885 9
Density of integrin α6 inside the 60% circle 0.0953 8
Density of integrin α6 inside the 70% circle 0.0598 13
Continuity of integrin α6 along the basal membrane 0.5725 1
Amount of integrin α6 colocalized with integrin α3 0.0337 15
Continuity of integrin α3 along the basal membrane 0.1046 7
Total integrin α3 density 0.2651 3
Amount of integrin α3 colocalized with integrin α6 0.3526 2
Density of integrin α3 in the exterior of the hollow lumen 0.0716 10
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Figure 7: Overall grading accuracy with respect to the number
of most discriminative features selected in the grading. Highest
overall grading accuracy is achieved when the whole feature set is
considered.
individuals was obtained from ProteoGenix (Culver City,
CA) and stored at −80◦C. Portions of each tissue block
were embedded in O.C.T. Compound (Sakura Finetek
USA, Torrance, CA) and sections 20μm thick were cut
using a Microm HM505E cryostat. Tissue sections were
adhered to Superfrost Plus Gold microscope slides (Fisher
Scientiﬁc, Morris Plains, NJ) and vapor ﬁxed using 2-
3 Kimwipes (Kimberley-Clark Worldwide, Roswell, GA)
soakedin4%paraformaldehydeinasmallchamberat−20◦C
for 30 minutes prior to immunohistochemistry. Tissue
sections were encircled with an ImmEdge Pen (Vector Labs,
Burlingame, CA) and immunohistochemistry and confocal
microscopy were performed as described for in vitro samples
in Section 2.2. An Alexa488-conjugated goat antiﬂuorescein
secondary antibody (Invitrogen, Carlsbad, CA) was included
at a 1:300 dilution in the overnight secondary incubation.
3. Results and Discussion
A workﬂow diagram involved in the automated grading of
breast cancer is shown in Figure 8. First, 3D ﬂuorescent
confocal images of acinar structures were collected after
14 days within an in vitro culture system as described in
Sections 2.1 and 2.2. A total of 30 images were captured
(5 images for each cell line) and a total of 400 acinar
structures were identiﬁed using the image segmentation
method described in Section 2.3 in these images. For each
acinar structure, we extracted the morphological features
described in Section 2.4. These features exhibit high-level of
statistical signiﬁcance across the nonmalignant, noninvasive
carcinoma, and invasive carcinoma grades of breast cancer.
Using the resulting unique feature proﬁles, we then trained
the SVM-based classiﬁers as described in Section 2.5 for the
automated grading of acini and test on the data.
Overall grading accuracy of 89.0% is achieved when
the whole feature set is used in the grading. As shown
in the ﬁrst half of Table 3, the nonmalignant 10A and
AT cell lines are graded with 97.0% and 73.5% accuracy,
respectively. Due to the strong resemblance between the AT
and KCL cell lines, some portions of the AT acinar structures
are graded as noninvasive carcinoma. Acinar structures in
KCL cell line are correctly graded as noninvasive carcinoma
72.1% of the time, and as nonmalignant 11.1% of the time
which should be considered as high success as KCL falls
between the advanced-early stages of cancer and noninvasive
carcinoma. We observe signiﬁcantly high grading accuracies
in the remaining three cell lines. Noninvasive DCIS acinar
structures are graded with 95.0% accuracy, and the acinar
structures in the invasive cell lines CA1H and CA1A are
graded with 93.1% and 93.5% accuracy, respectively. We
note that neither the DCIS nor invasive cell line acinar
structures are graded as nonmalignant. When only the ﬁveJournal of Biomedicine and Biotechnology 11
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Figure8:Aﬂowchartoftheproposedquantitativeanalysisapproachinmeasuringmorphological-basedfeaturesofacini.First,ﬂuorescently
labeled images of the cultures are captured by 3D confocal microscopy. Next, individual acinar structures in these images are segmented and
labeled. We then extract the proposed features based on the acini morphology that lead to statistically signiﬁcant unique feature proﬁles
between functionally diﬀerent stages of cancer. Finally, automated grading of cancer is achieved by supervised machine learning.12 Journal of Biomedicine and Biotechnology
Table 3: Performance of the SVM-based classiﬁer with the proposed quantitative features. Acinar structures are graded as nonmalignant as
trained from the 10A and AT samples, noninvasive carcinoma as trained from the KCL and DCIS samples, and invasive carcinoma as trained
from the CA1H and CA1A samples using all of the proposed features as well as the ﬁve most discriminative features: continuity of integrin
α6 along the basal membrane, colocalization of integrin α3 with integrin α6, integrin α3 density, ratio between hollow lumen and acinar
structure areas, and integrin α6 density. The data set includes 400 acinar structures: 99 10A, 49 10AT, 81 KCL, 80 DCIS, 29 CA1H, and 62
CA1A.
Grading results utilizing overall feature set Grading categories (%)
Nonmalignant Noninvasive Carcinoma Invasive Carcinoma
Nonmalignant 10A 97.0 2.0 1.0
AT 73.5 24.5 2.0
Noninvasive Carcinoma KCL 11.1 72.1 14.8
DCIS 0.0 95.0 5.0
Invasive Carcinoma CA1H 0.0 6.9 93.1
CA1A 0.0 6.5 93.5
Grading results utilizing the ﬁve most discriminative features Grading categories (%)
Nonmalignant Noninvasive Carcinoma Invasive Carcinoma
Nonmalignant 10A 93.0 3.0 4.0
AT 85.7 10.2 4.1
Noninvasive Carcinoma KCL 18.5 53.1 28.4
DCIS 0.0 93.8 6.2
Invasive Carcinoma CA1H 0.0 27.6 72.4
CA1A 0.0 8.1 91.9
most discriminative features are used, we achieve 82.0%
overall accuracy in the grading. As shown in the second half
of Table 3, in this case AT acinar structures are graded with
highersuccess.However,thegradingaccuracyofnoninvasive
KCL and invasive CA1H acinar structures signiﬁcantly
decreases. It is not unexpected that some of the features
not included after the feature selection capture signiﬁcant
characteristics about the acini morphology. The following
discussionontheproposedfeatureshelpsusunderstandhow
they relate to the underlying biological implications.
Changes in the hollow lumen size and acini shape are
visually observed and quantiﬁed across multiple cancer
stages as described in Section 2.4.1. While the average num-
ber of cells per acini is a concrete measurement and could
be determined manually, it is useful and more practical to
utilize automated techniques when analyzing large volumes
of image data. With this feature we clearly determine that the
two invasive cell lines CA1H and CA1A have more nuclei
in the acinar structures than the other less malignant cell
lines. This could arise from several biological factors. A
simple reason is that large acinar structures are comprised
of more cells. Alternatively, this could arise from higher
density of cells within the acinus due to the loss of the hollow
lumen. Both of these explanations likely contribute to the
resultingfeaturemakingitchallengingtodeterminetheexact
cause. Our next feature, the ratio between the areas of the
hollow lumen and acinar structure can also help us explain
the general trend in the number of nuclei per acinus with
the progression along the metastatic cascade. Larger hollow
lumens in the lower cancer grades possibly limit the space
that the cells can proliferate; thus smaller number of nuclei
per acinus is observed at lower-grade cell lines.
The hollow lumen to acinar structure area ratio captures
akeychangeinacinarstructurewhichischallengingtoassess
by visual inspection. While the presence or absence of a
hollow lumen is observable by eye, evaluating the relative
size of the lumen compared to the overall acinar structure
is diﬃcult and poses subjectivity. This feature enabled us
to quantitatively characterize this relationship and helps
identify the signiﬁcant changes between cancer grades. The
loss of hollow lumens is associated with increasing cell
division and cell survival within the acinar structure. In
native breast tissue a decrease in the size of the hollow lumen
arisesfromincreasingmetastaticcapability.Thisisconsistent
in our in vitro system and the resulting quantitative features.
However,despitegenerallyobservingadecreaseinthehollow
lumen to acinar structure area ratio with the progression
of cancer, precancerous AT cell line exhibits an increase
compared to the 10A samples. While it is unclear why this
is the case, it could potentially be due to the cells becoming
ﬂatter rather than columnar in shape creating a larger hollow
lumen.
In addition to the changes in the hollow lumen mor-
phology, the acinar structure elongation quantiﬁes the subtle
changes in the roundness of acini that are also diﬃcult assess
by eye. As shown by our results, we capture statistically
signiﬁcant diﬀerences in the acini elongation caused by the
increasing metastatic capability, reﬂecting the progressive
loss of structural integrity in acini as breast cancer develops.
Replacing these qualitative observations on the acini andJournal of Biomedicine and Biotechnology 13
(a) (b) (c) (d)
Figure 9:Tissuesamplesfromhumanpatientsexhibitvariationsinacinimorphologyalongthemetastaticcascadesimilartothe3Dcultures.
In the nontumorigenic glands from a healthy patient shown in (a), integrin α3 can be observed along the lateral surface of the epithelia,
while integrin α6 shows strong staining across the basal surface. Precancerous gland shown in (b) exhibits a clear reduction in the amount
of integrin α3 expression along the lateral membranes of the epithelia, while basal integrin α6 expression remains strong. Noninvasive
carcinoma gland shown in (c) could be easily identiﬁed by the loss of a proper hollow lumen and stratiﬁcation of the epithelial layer. In
these large regions of tissue, integrin α3 is absent from cells in the interior of the gland; however, along with integrin α6, there can be
observed along the basal surfaces of cells in contact with the basal lamina. Invasive carcinoma gland shown in (d) includes cords or clusters
of cells exhibiting faint labeling of both proteins distributed along the cell membrane compared to background and control tissue. Scale bars
represent 20μm in (a) and (c), and 10μmi n( b )a n d( d ) .
hollow lumen morphology with these robust quantitative
measurements enabled us to characterize the data more
objectively.
The density of basal membrane protein integrin α6
is quantiﬁed through multiple features as described in
Section 2.4.2 and found to reﬂect the metastatic potential
of acinar structures. The quantitative and statistically sig-
niﬁcant changes identiﬁed in the analysis of integrin α6
distribution strongly correlate with our expectations based
on the visual inspection of the acinar structures. It is seen
that the 10A and AT acini exhibited the highest amount of
integrin α6 localization along the basal membrane, reﬂecting
the presence of an intact, extracellular matrix basement
membrane on the basal surface of these cells. In addition,
it is observed that the acinar structures of more malignant
cell lines showed dramatic loss in the localization of integrin
α6 along the basal membrane of the cells and an increase in
the internal localization of this protein, reﬂecting loss of the
basement membrane. Features extracted from CA1A acinar
structures are signiﬁcantly diﬀerent from some of the fea-
tures extracted from the CA1H and DCIS acinar structures
that can be explained by the degree of malignancy of this
cell line. CA1A cells exhibit the highest malignancy of all
the other cell lines with the advanced ability to metastasize.
When cells are able to metastasize, cells may form secondary
tumors called macrometastases. At this stage, these cells
are able to adapt to their new environment in order to
improve their abilities of survival. It is possible that the
CA1A cells are behaving as a secondary tumor when placed
in a basement membrane protein rich environment causing
them to acquire some epithelial like phenotypes, such as
increasing the basal membrane localization of integrin α6.
Thus, these features thoroughly capture the distribution of
integrin α6 throughout the acinar structure as visualized
and are functionally expected across the diﬀerent grades of
cancer.
The features based on the density of integrin α3a s
described in Section 2.4.3 yield both expected and unex-
pected results. As reported in a previous study [34], we
expect to observe diﬀerent levels of total integrin α3e x p r e s -
sion across the cell lines of varying metastatic potential. Our
expectations are conﬁrmed by our results that the total inte-
grin α3 expressions exhibit a decrease between the nonma-
lignant and noninvasive carcinomas and a higher expression
is observed in the invasive carcinoma cell lines (compared
to the noninvasive KCL and DCIS cell line features). These
features support the idea that integrin α3 switches its
function from acting in a cell-cell adhesion manner to cell-
ECM adhesion manner with increasing metastatic ability. As
shown in Figure 6(a), the basal continuity of integrin α3i s
the lowest for the DCIS cell lines as expected due to the
low density of integrin α3 in this cell line. The continuity at
the basal membrane displayed increased localization in the
invasive carcinoma cell lines suggesting a cell-ECM adhesion
role. The measurement of integrin α3 density in the exterior
of the hollow lumen as shown in Figure 6(d) determined
that the progression of cancer yields increased localization
of this protein within the hollow lumen. It was at similar
levels for the 10A, AT, and KCL cell lines however that
the expression ratio increased in expression between the
DCIS through CA1A cells. This feature was developed to
quantify the functional switch of integrin α3 from cell-cell
adhesion to cell-ECM adhesion with progressing metastatic
state. The increase in this feature suggests a switch from cell-
cell adhesion to cell-ECM adhesions; however, this change
may be inﬂuenced by the reduction in the size of the hollow14 Journal of Biomedicine and Biotechnology
lumen and increased integrin α3 expression between cells
throughout the acinar structure, thus hindering the robust
characterization of the integrin α3 lateral localization.
The amount of an integrin subunit that colocalizes with
theothervariesacrossthecelllines.Basalmembraneintegrin
α6 colocalizes with integrin α3 more in the tumorigenic cell
lines (except the DCIS) than the nontumorigenic cell line
10A. This could be due to the increasing internal expression
of integrin α6 indicating a loss in cell polarity. Another rea-
son could be due to integrin α3 changing localization from
the lateral membrane to the basal membrane as it switches
functions from cell-cell adhesion to cell-ECM adhesions.
It could also be a combination of the two since loss in
cell polarity results in irregular localization of the proteins;
thus both integrin subunits are expressed throughout the
cell membrane. Interestingly, DCIS acini exhibit the lowest
colocalization of integrin α6 with integrin α3. This could be
due to the low expression of integrin α3i nD C I Sc e l l sa s
shown in Figure 6(b) that yield higher amounts of isolated
integrin α6 subunits in the acinar structures.
The alternative comparison is the amount of integrin α3
that colocalizes with integrin α6. We observe that the non-
invasive and the invasive cell lines exhibit higher colocaliza-
tion than the nonmalignant cell lines. Interestingly, DCIS
cell line has the highest amount of colocalization. This
conﬁrms our suggestion that low expression of integrin
α3 is the cause of the lowest colocalization of integrin α6
with integrin α3 in this cell line. In this case almost all of
the integrin α3 is colocalized with integrin α6d u et oi t s
low expression levels and loss of cell polarity in the DCIS
acinar structures. The nonmalignant cell lines exhibit higher
levels of colocalization than the noninvasive cell lines. By
comparing the two colocalization features, we infer that this
is likely due to integrin α3 localization at the basal and
lateral membranes while integrin α6 localizes primarily at
the basal membrane alone. This is reﬂected in 80% colocal-
ization of integrin α6 with integrin α3 and 30% colo-
calization of integrin α3 with integrin α6 as shown in
Figure 6(c). On the other hand, the invasive carcinoma cell
lines exhibit approximately 70% colocalization of the basal
membrane integrin with the lateral membrane integrin and
approximately 50% colocalization of the lateral membrane
integrin with the basal membrane integrin. Due to the
approximately same values, this suggests that both integrin
subunitshavelosttheirspeciﬁclocalizationandareexpressed
throughout. We also can further conﬁrm this with the
internal densities of both integrin α6 and integrin α3 having
higher values.
Proposed features display statistical signiﬁcance across
the cell lines with varying metastatic abilities. This indicates
that the proposed features capture and quantify biologically
relevant morphological changes. These features have the
potential for studying structure-function relationships in a
controlled and quantitative system. This application is useful
in identifying underlying mechanisms of cancer and the
role of speciﬁc protein functions on acinar structures. In
addition, this approach could be used to test the eﬀects of
potential chemotherapy targets and combinations of drugs
on the structures of both nontumorigenic, precancerous,
noninvasive carcinoma and invasive carcinoma cells in pre-
liminary studies. Also, with increasing medical imaging
technology the future holds potential for many quantitative
andcomputerizeddiagnostictoolsandsystemstoaiddoctors
in diagnosis, treatment options, and prognosis. Finally, these
features could be applied to current histology samples when
tagged with ﬂuorescent antibodies to quantify complex
structural features.
In order to demonstrate the relevance of our approach to
tissue samples obtained from human patients, we performed
immunohistochemistry on frozen sections as described in
Section 2.6 following the same procedure for cell culture
experiments as outlined from Section 2.2 to Section 2.5.
Images of nontumorigenic, precancerous, noninvasive, and
invasivemammaryglandtissuewerecollectedusingconfocal
microscopy. The random orientation of glands in sectioned
material presented a challenge as the acinar structures in in
vitro cultures are typically spherical in shape. In order to
eliminate the longitudinal or oblique planes of sections from
the present analysis,single optical sections of glands oriented
roughly in crosssection that resemble the acinar formations
in the in vitro cultures were cropped manually. Figure 9
shows examples of glands analyzed in our study. Although
nonspeciﬁc Alexa568 secondary antibody labeling of luminal
contents was observed in some cases, visual inspection of
these images indicates that the pattern of both integrin α6
and integrin α3 exhibit similar staining patterns to in vitro
acinar structures. In our preliminary study, we identiﬁed
12 glands in the 9 images analyzed in this study. For each
gland, we extracted the proposed features and performed
grading using the SVM-based classiﬁer trained with the in
vitro feature set. The in vivo test set was graded accurately
except one nontumorigenic gland that was graded as non-
invasive carcinoma. Nevertheless, we note that developing
a computer-aided grading system for the grading of in vivo
tissue samples is beyond the scope of this paper and left as
future work.
4. Conclusion
In this paper, we present a method that enables quantitative
characterization of 3D breast culture acini with varying
metastatic potentials. Speciﬁcally, we propose statistically
signiﬁcant features based on acinar structure morphology
that capture diﬀerences between diﬀerent grades of cancer
that are diﬃcult to assess under microscopic inspection. The
experimental results demonstrate the eﬃcacy of the pro-
posed features to diﬀerentiate between the nonmalignant,
noninvasive carcinoma, and invasive carcinoma grades of
breast cancer with 89.0% accuracy. In addition, our pre-
liminary studies indicate that our methodology can also be
used for the grading of cancer in in vivo tissues provided
that the captured tissue samples include cross-sectional
portions of the glands. Hence, our method demonstrates
great promise to model morphology-function relationships
within controlled 3D systems and hold potential as an
automatic breast cancer prognostic tool in current histology
samples.Journal of Biomedicine and Biotechnology 15
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